rather than steer or heifer, as data on the castration or pregnancy status on arrival to the feedlot 114
were not consistently available. Data on several other potential risk factors were either not 115 existent or were not collected consistently across feedlots; therefore, additional variables (e.g., 116
shipping distance, source location, preconditioning) were not incorporated in the analysis. Study 117 inclusion criteria included: feedlots that reported cohort-level data on both mortality and culling, 118 cohorts classified as male or female (not mixed) that arrived to the feedlot between 2000 and 119 2007, and cohorts containing between 40 and 340 animals upon arrival with a mean arrival 120 weight between 91 and 470 kg. The sum of mortality and culling counts for each cohort (given 121 the number of cattle at risk) was used to generate the outcome of interest, hereafter referred as 122 the combined mortality and culling risk, representing the cumulative incidence over each 123 cohort's feeding period. 124 125
Regression model 126
Associations between cohort-level demographic factors with the incidence risk of the 127 combined mortality and culling were modeled using a generalized linear mixed model (Proc 128 GLIMMIX) built in SAS 9.2 (SAS Institute Inc., Cary, NC, USA), with a negative binomial 129 distribution, log link function, and maximum likelihood estimation based on Laplace 130 approximation of the marginal log likelihood. The count of combined mortality and culling 131 within each cohort was the outcome of interest and the natural logarithm of the total number of 132 cattle within each cohort upon feedlot arrival (considered our population at risk) was specified as 133 the offset variable of the model. To account for the hierarchical structure of the data, a cross- independence of cohorts nested within feedlots, and of feedlots nested within arrival years. In 137 addition, arrival month (n = 12) was modeled as a random intercept using a first-order 138 autoregressive covariance structure to account for the repeated measures of cohorts, within 139 feedlot-years, over months with decay in correlation with increasing distance between 140 observations (Dohoo et al., 2009 ). Lastly, arrival week (n = 5) within a month was modeled as a 141 random intercept to control for the correlation of weeks within arrival months. 142
Independent variables tested in our regression models, which were also the main 143 predictors of interest based on our causal models, included: mean arrival weight of the cohort, 144 gender of the cohort, and arrival month. The linearity assumption between the log of the 145 expected value of the incidence risk of the outcome and mean cohort arrival weight, originally 146 recorded on a continuous scale, was not met. Thus, this variable was categorized into 22.7 kg 147 (approximately 50 lbs, cutoff commonly used in the feedlot industry) categories using Walter's 148 hierarchical methods to categorize ordinal independent variables (Walter et al., 1987) . A 149 backward elimination procedure (with P < 0.05) was used to collapse arrival weight categories 150 inward toward the initially centered referent category (i.e., 295 to 317 kg, category that 151 represented the most frequent cohort arrival weight). This process resulted in the following nine 152 weight categories: <182, 182 to 204, 205 to 227, 228 to 249, 250 to 271, 272 to 317, 318 to 340, 153 341 to 362 and >362 kg. Gender of the cohort (male vs. female) and arrival month (January 154 through December) were analyzed on a nominal scale as initially recorded by the feedlots. 155
Variables pertaining to the length of the feeding period or days on feed and cohort size were 156 considered intervening variables in our causal model, as they may intervene in the causal 157 pathway between arrival weight class, arrival month, gender and the predicted outcome,respectively. Thus, these variables were not included in the final model as they would prevent us 159 from correctly estimating the true effects of the main predictors of interest (Dohoo et al., 2009) . 160
A pair-wise correlation analysis was performed using the Spearman's rank correlation 161 statistic to identify possible collinearity among independent variables. If the value of the 162 correlation statistic was |0.8| or higher, one of the variables was selected to be included into the 163 multivariable model based upon completeness and quality of the available data (Dohoo et al., 164 2009). 165
After conducting bivariable analyses assessing the association between the combined 166 mortality and culling risk with each independent variable, a mixed-effects multivariable main 167 effects model was built by including variables significantly associated to the outcome at the 5% 168 significance level (P < 0.05), using a manual backward elimination procedure. 169
A three-way interaction (and its corresponding two-way interactions) among arrival 170 weight, gender, and arrival month, was tested (P < 0.05) using a backward elimination 171 procedure. Significance testing for all stages of model building was performed using likelihood-172 ratio tests comparing the full to the reduced model for the categorical predictors included in our 173 model (Dohoo et al., 2009) . with a median of 322 kg and mean of 316 kg (SE = 0.24). Cumulative mortality risk ranged 213 from 0% to 31.9% with a median of 0.9% and mean of 1.5% (SE = 0.009%). Culling risk ranged 214 from 0% to 100%, with a median of 0.9% and a mean of 0.8% (SE = 0.007%). The combined 215 mortality and culling risk ranged from 0% to 100%, with a median of 1.4% and mean of 2.3% 216 (SE = 0.43%). The mean ratio of mortalities to culls across feedlots (all years) ranged from 1.3 217 to 5.1, with a median of 2.0 and a mean of 2.3 (SE = 0.004); among different years (all feedlots) 218 these ratios ranged from 1.2 to 3.2 with a median of 2.0 and mean of 2.1 (SE = 0.003). 219 220
Regression model 221
The final multivariable model for combined mortality and culling risk included the 222 following significant (P < 0.05) predictors: gender of the cohort, arrival month, mean arrival 223 weight class, and a three-way interaction (and corresponding two-way interactions) among thethree main effects (parameter estimates are available upon request to the corresponding author). 225
The effect of the cohort's gender on combined mortality and morbidity risk depended on the 226 weight class and the month of feedlot arrival. Figures 2 and 3, and Tables 1 and 2, depict 2) and 2006 (n = 1); two were female and eight were male cohorts; and they belonged to the 258 following weight classes: <182 kg (n = 3), 182 to 204 (n = 1), 205 to 227 (n = 1), 228 to 249 (n 259 = 1), 318 to 340 (n = 1), 341 to 362 (n = 1) and >362 kg (n = 2). These cohorts showed a range 260 of combined mortality and culling risk of 94.7 to 100% which was mainly driven by high culling 261 percentages (range: 91.2 to 100%), as mortality ranged from 0 to 6.3% on this subset of cohorts. 262
In addition, our feedlot collaborators indicated that these extremely high levels of culling are 263 likely indicative of cohorts removed from the feedlot for alternative management (e.g., 264
temporary pasture rearing) rather than true culling for health reasons. The identified outliers were 265 deleted because their removal dramatically improved the fit and convergence of the model. 266 demographics, environmental and pathogen-related factors. Although our study population was 280 not chosen randomly, we did utilize several years of data from multiple feedlots that were similar 281 to other commercial operations in the studied U.S. region. When data aggregated at the feedlot 282 level are analyzed, important information regarding cohorts within feedlots is lost. Thus, it is not 283 possible to quantify the effects of risk factors at the cohort-level; the level at which feedlot 284 managers often make procurement, marketing and health management decisions. The structure 285 of our data enabled us to perform an analysis at the cohort-level and to utilize multivariable 286 approaches to quantify the effects of cohort-level risk factors and interactions among them that 287 have not been previously described. 288
The mean mortality (1.5%) and (0.8%) culling risks in our data were similar to earlier 289 reports that utilized feedlot data from the United States Department of Agriculture's National 290
Animal Health Monitoring System (USDA, NAHMS), where mean mortality risk was reported 291 at 1.26% and mean culling risk ranged from 0.07% to 0.42% (Frank et indicate that cumulative mortality and culling are occasionally higher than five percent: 6.2% (n 295 = 3,390 cohorts) and 2.4% (n = 1,301) of cohorts in our study population had mortality and 296 culling risks (respectively) equal or higher than 5%. 297
Utilizing a large dataset containing cumulative cohort data was useful for estimating 298 cumulative measures of adverse health outcomes and assessing corresponding cohort-level risk 299 factors. However, there are also limitations to analyzing this type of data. In our study, we were 300 not able to assess the timing at which death or culling occurred. found to be positively associated with BRD morbidity (Sanderson et al., 2008) . Similarly,distance traveled was found to be a significant predictor of BRD morbidity and overall mortality 317 risks in another study; however, effects depended on specific characteristics of the cohort (region 318 the cattle originated from, cohort gender, cohort mean arrival weight and the season cattle 319 arrived at the feedlot) (Cernicchiaro et al., 2012) . Unfortunately, data on the distance traveled 320 and the source of origin of these cohorts were not available in our database. These and other 321 factors could act as confounders of some of the associations reported here, and could elucidate 322 some of the unexplained variance of the presented model, as these factors can be associated with 323 demographic factors and the risk of morbidity and mortality in commercial feedlots. Lastly, the 324 retrospective, observational cross-sectional nature of the data analyzed, prevented us from 325 drawing direct causal inferences between the cohort-level demographic factors and combined 326 mortality and culling risk. Nevertheless, these data reflect the type of operational information 327 available in most feedlot operations. The results of our current study indicate that despite differences in few 332 individual feedlots, the combined mortality and culling risks for the majority of feedlots were 333 similar within and across years and feedlots after adjusting for cohort demographic variables. 334
Our results may have differed because their earlier study used data aggregated across feedlots 335 and arrival months. In addition, their data arose from a relatively small subpopulation of feedlots 336 (n = 9) located in a single geographic location in Kansas (Babcock et al., 2006) . 337
Feedlot mortality has been assessed in several studies, but both mortality and culling 338 within cohorts have yet to be incorporated into a single outcome. In our dataset, the ratios ofmortality and culling within cohorts illustrate the variability in these measures among different 340 feedlots over multiple years. Combining culling and mortality data in a single outcome can result 341
in a more precise estimate of animal losses in feedlots when comparing health performance 342 across feedlots over time (Loneragan, 2004) , as well as it may provide results that are more 343 robust to differential and non-static culling criteria. However, we were unable to determine 344 whether certain risk factors have different effects across culling and mortality as separate 345 outcomes. Thus, a competing risk analysis could be used to further assess how factors affect 346 mortality and culling as two competing risks (Chiang, 1991) . However, the complexity of our 347 dataset precludes standard approaches to competing risks analysis and there are very practical 348 reasons to assess effects associated with combined mortality and culling risks. 349
Our data indicated that the gender of the cohort, the mean arrival weight class and the 350 month of arrival at the feedlot were significantly associated with the combined mortality and 351 culling risk and that the effect of each predictor depended on one another. Previous research 352 determined that female cohorts have higher mortality risk than male cohorts (Loneragan et al., 353 2001) . We observed similar results in bivariable models, however, after accounting for other 354 covariates in the model, we found that the effect of gender on the combined mortality and culling 355 risk depended on weight and month at feedlot arrival, as depicted by a significant (P < 0.05) 356 three-way interaction. The data indicated there was a seasonal pattern to the combined mortality 357 and culling risk for light and middleweight male and female cohorts, with a significantly higher 358 risk in spring and summer arrivals compared to that of cattle arriving in autumn and winter 359 months. The specific reasons for this effect modification cannot be determined in our study, but 360 there are several feedlot management practices that differ between genders, weight categories 361 and time of the year. Some factors that may explain the differences in risks between genders are 362 related to differential hormonal status and biological processes (e.g., riding behavior of females, 363 parturition or induced abortion upon feedlot arrival), differences in steroid growth promoters and 364 rations, or differences in how female and male cattle are marketed from the cow-calf herd to the 365 feedlot (Lechtenberg et al., 1998; Smith et al., 2001) . 366
Arrival weight and month are two common risk factors that are often difficult to separate 367 due to the seasonal marketing patterns of feeder cattle in North America (Ribble et al., 1995) . 368
Often light weight cattle (frequently newly weaned animals) arrive at the feedlot in the autumn 369 while heavier weight (yearling animals) cattle arrive during the spring months. Differential 370 mortality and culling risk among cattle in different weight categories across different months 371 may be the result of differences in cattle types, weather characteristics, management practices in 372 different seasons, pathogen factors, or inherent physiologic and immunologic differences of 373 cattle in different weight classes. Likewise, the age of the animals on arrival may explain some 374 of those differences. Weight is often used as a proxy for age; however, animals arriving at 375 similar weights throughout the year may not always be the same age. External factors such as 376 drought or feed costs may impact the age at which cow-calf operations market and send calves to 377 feedlots (Neville and McCormick, 1981) . This may also explain the high variability in risk that 378 we observed across arrival months for lighter weight cohorts. 379
Several weather factors (e.g., wind speed, wind chill temperature, and temperature 380 change) have been associated with increased daily incidence of respiratory disease, and their 381 effects depended on cattle demographic factors including the weight class of the cohort 382 (Cernicchiaro et al., 2011) . Thus, weather effects on morbidity could have contributed the 383 subsequent higher mortality and culling risk during spring and summer months among light and 384 middleweight arriving cohorts in our study. Literature on the effects of weather on morbidity andmortality, particularly related to respiratory disease in feedlot cattle, is limited, yet seems to 386 indicate colder months are associated with adverse health outcomes. However, we cannot 387 dismiss the effects of hot weather adversely affecting health and performance of vulnerable cattle 388 during prolonged extreme heat (Hahn and Mader, 1997; Hahn, 1999) . Further, it is plausible that 389 both colder weather in northern parts of North America and warmer weather in more southern 390 parts of the continent adversely affect cattle reared in feedlot settings. There is a need for more 391 research on the effects of management or environment conditions that impact adverse feedlot 392 cattle health. Understanding these relationships may lead to the development of better 393 management or purchasing practices for different types of cattle throughout the year. 394
Several modeling strategies were explored in an attempt to account for the distribution 395 and structure of the data. Initially, an examination of different functional forms of count models 396 (i.e., Poisson, negative binomial) was made ( Figure 1 ) and compared with binomial models. The 397 negative binomial regression model was deemed to better fit these data. Although feedlots and 398 arrival years were not randomly selected in our study, they were included as random intercepts, 399 because we were interested in making inferences to wider populations of feedlots across time. Manhattan, KS. We would also like to thank the participating feedlots and their consulting 427 veterinarians for supporting this research. 
